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(57) ABSTRACT

A method is provided for training a neural network-based
(NN-based) acoustic model. The method includes receiving,
by a processor, the neural network-based (NN-based) acous-
tic model, trained by a one-hot scheme and having an input
layer, a set of middle layers, and an original output layer. At
least each of the middle layers subsequent to a first one of
the middle layers have trained parameters. The method
further includes stacking, by the processor, a new output
layer on the original output layer of the NN-based acoustic
model to form a new NN-based acoustic model. The new
output layer has a same size as the original output layer. The
method also includes retraining, by the processor, only the
new output layer and the original output layer of the new
NN-based acoustic model in the one-hot scheme, with the
trained parameters of middle layers subsequent to at least the
first one being fixed.

18 Claims, 10 Drawing Sheets

b 200

Receive a previously completed (i.e., pretrained) neural
network-based (NN-based) acoustic model 300 having an input
layer 310, a set of original middle layers 320, and an original
output layer 330. The set of middle layers 320 can include, but
is not limited to, one or more of Fully Connected (FC) layers
and/or convolutional layers. The previously completed NN-
based acoustic model 300 should be completely trained with
sufficient iterations.

!

Stack a new output layer 440, on the original output layer 330
of the previously completed model, configured to operate as a
translation layer between a one-hot target and a soft target.

i

Configure the top layer (i.e., the new output player 440} to be
the same size as the original output layer 330.

!

Retrain only the new output layer 440 and the original output
layer 330 using the one-hot scheme with trained parameters of
the original output layer 330 as initial values for the original
output layer 330, and random initial values for the new output
layer 440, such that that only the two layers in the top (i.e., the
new output layer 440 and the original output layer 330) are
updated while the other layers (the set of middie layers 320)
are frozen during retraining.




US 10,839,791 B2

Page 2
(56) References Cited
U.S. PATENT DOCUMENTS
2016/0260428 Al* 9/2016 Matsuda ............... GO6N 3/08
2017/0178666 Al*  6/2017 YU .ccoovvvininricennnn G10L 25/30
2017/0337918 Al  11/2017 Xue et al
2018/0047413 Al 2/2018 Kurata
2018/0121798 Al* 5/2018 Barkan .............. GO6F 16/00
2019/0205748 Al* 7/2019 Fukuda GO6N 3/08
2019/0378010 Al* 12/2019 Morris G06Q 20/4016
2020/0134463 Al* 4/2020 Haidar ................. GO6N 3/0472
2020/0193235 Al* 6/2020 Martinez-Canales ........................
GO6N 3/0481

OTHER PUBLICATIONS

Kurata et al., “Improved Neural Network Initialization by Grouping
Context-Dependent Targets for Acoustic Modeling”, Interspeech
2016, Sep. 2016, pp. 27-31.
Price et al., “Speaker Adap tation of Deep Neural Networks Using
a Hierarchy of Output Layers”, SLT 2014, Nov. 2014, pp. 153-158.

* cited by examiner



US 10,839,791 B2

Sheet 1 of 10

Nov. 17, 2020

U.S. Patent

0]

| Old

(s)MJomjaN/(s@)shng
(s)ao1nep (s)ao1n8p
(s)iesaydued LOIBIOUNWIION AIOWSIN (s)INdo|  [(s$)INdO
GOl 01 €0l 20l L0l
X—001



U.S. Patent Nov. 17,2020 Sheet 2 of 10 US 10,839,791 B2

200

Receive a previously completed (i.e., pretrained) neural
network-based (NN-based) acoustic model 300 having an input
layer 310, a set of original middle layers 320, and an original
output layer 330. The set of middle layers 320 can include, but 210
is not limited to, one or more of Fully Connected (FC) layers
and/or convolutional layers. The previously completed NN-
based acoustic model 300 should be completely trained with
sufficient iterations.

v

Stack a new output layer 440, on the original output layer 330
of the previously completed model, configured to operate as a | 220
translation layer between a one-hot target and a soft target.

v

Configure the top layer (i.e., the new output player 440) to be 230
the same size as the original output layer 330.

v

Retrain only the new output layer 440 and the original output
layer 330 using the one-hot scheme with trained parameters of
the original output layer 330 as initial values for the original
output layer 330, and random initial values for the new output 240
layer 440, such that that only the two layers in the top (i.e., the
new output layer 440 and the original output layer 330) are
updated while the other layers (the set of middle layers 320)
are frozen during retraining.

End

FIG. 2
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1
NEURAL NETWORK-BASED ACOUSTIC
MODEL WITH SOFTENING TARGET-LAYER

BACKGROUND
Technical Field

The present invention generally relates to machine learn-
ing, and more particularly to a neural network-based acous-
tic model with a softening target-layer.

Description of the Related Art

In neural network acoustic modeling, networks are typi-
cally configured to include an input layer, followed by one
or more “middle layers” that can include Fully Connected
(FC) and/or convolutional layers, followed in turn by an
output layer. Units in the output layer correspond to context-
dependent phones (senones). Therefore, the size (i.e., the
number of units) of the output layer is usually larger than the
middle layers.

An acoustic model is traditionally trained in the one-hot
scheme. Only one senone that corresponds to a correct senon
(given by supervised information) is given a “1” as a target
signal, and other senones are given “0’s as target signals.

However, senones are essentially a fine classification of
phones by preceding and trailing phones. There are many
similar phones. Therefore, when an acoustic model is used
in testing, the actual output can never be one-hot, despite the
fact that a one-hot scheme is used in training, thus resulting
in an inconsistency between training and testing. Hence,
there is a need for an improved approach to neural network
acoustic modeling that addresses the aforementioned incon-
sistency between training and testing.

SUMMARY

According to an aspect of the present invention, a com-
puter-implemented method is provided for training a neural
network-based (NN-based) acoustic model. The method
includes receiving, by a processor, the neural network-based
(NN-based) acoustic model, trained by a one-hot scheme
and having an input layer, a set of middle layers, and an
original output layer. At least each of the middle layers
subsequent to a first one of the middle layers have trained
parameters. The method further includes stacking, by the
processor, a new output layer on the original output layer of
the NN-based acoustic model to form a new NN-based
acoustic model. The new output layer has a same size as the
original output layer. The method also includes retraining,
by the processor, only the new output layer and the original
output layer of the new NN-based acoustic model in the
one-hot scheme, with the trained parameters of middle
layers subsequent to at least the first one of the middle layers
being fixed.

According to another aspect of the present invention, a
computer program product is provided for training a neural
network-based (NN-based) acoustic model. The computer
program product includes a non-transitory computer read-
able storage medium having program instructions embodied
therewith. The program instructions are executable by a
computer to cause the computer to perform a method. The
method includes receiving, by the processor, the neural
network-based (NN-based) acoustic model, trained by a
one-hot scheme and having an input layer, a set of middle
layers, and an original output layer. At least each of the
middle layers subsequent to a first one of the middle layers
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have trained parameters. The method further includes stack-
ing, by the processor, a new output layer on the original
output layer of the NN-based acoustic model to form a new
NN-based acoustic model. The new output layer has a same
size as the original output layer. The method also includes
retraining, by the processor, only the new output layer and
the original output layer of the new NN-based acoustic
model in the one-hot scheme, with the trained parameters of
middle layers subsequent to at least the first one of the
middle layers being fixed.

According to yet another aspect of the present invention,
a computer processing system is provided for training a
neural network-based (NN-based) acoustic model. The com-
puter processing system includes a memory for storing
program code. The computer processing system further
includes a processor, operatively coupled to the memory, for
running the program code to receive the neural network-
based (NN-based) acoustic model, trained by a one-hot
scheme and having an input layer, a set of middle layers, and
an original output layer. At least each of the middle layers
subsequent to a first one of the middle layers has trained
parameters. The processor further runs the program code to
stack a new output layer on the original output layer of the
NN-based acoustic model to form a new NN-based acoustic
model. The new output layer has a same size as the original
output layer. The processor also runs the program code to
retrain only the new output layer and the original output
layer of the new NN-based acoustic model in the one-hot
scheme, with the trained parameters of middle layers sub-
sequent to at least the first one of the middle layers being
fixed.

These and other features and advantages will become
apparent from the following detailed description of illustra-
tive embodiments thereof, which is to be read in connection
with the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

The following description will provide details of preferred
embodiments with reference to the following figures
wherein:

FIG. 1 is a block diagram showing an exemplary pro-
cessing system to which the present invention may be
applied, in accordance with an embodiment of the present
invention;

FIG. 2 is a flow diagram showing a method for training a
neural network-based acoustic model using a one-hot
scheme, in accordance with an embodiment of the present
invention;

FIG. 3 is a block diagram showing a neural network-based
acoustic model to which the present invention can be
applied, in accordance with an embodiment of the present
invention;

FIG. 4 is a block diagram showing a neural network-based
acoustic model trained using the method of FIG. 2, in
accordance with an embodiment of the present invention;

FIG. 5 is a block diagram showing interaction between the
original output layer and the new output layer, in accordance
with an embodiment of the present invention;

FIG. 6 is a block diagram showing a baseline neural
network-based acoustic model training configuration to
which the present invention can be applied, in accordance
with an embodiment of the present invention;

FIG. 7 is a block diagram showing a neural network-based
acoustic model training configuration, in accordance with an
embodiment of the present invention;
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FIG. 8 is a block diagram showing another neural net-
work-based acoustic model training configuration, in accor-
dance with an embodiment of the present invention;

FIG. 9 is a block diagram showing an illustrative cloud
computing environment having one or more cloud comput-
ing nodes with which local computing devices used by cloud
consumers communicate in accordance with one embodi-
ment; and

FIG. 10 is a block diagram showing a set of functional
abstraction layers provided by a cloud computing environ-
ment in accordance with one embodiment.

DETAILED DESCRIPTION

The present invention is directed to a neural network-
based acoustic model with a softening target-layer.

The present invention mitigates the inconsistency
between training and testing involved by one-hot training.
The inconsistency is mitigated without reliance on a con-
ventional teacher-student based approach, thus obviating the
need for a teacher model as required for conventional
teacher-student based approaches typically used to address
the aforementioned inconsistency.

In an embodiment, the present invention provides a solu-
tion that stacks another output layer on the output layer of a
previously completed model, such that the additional output
layer operates as a translation layer between a one-hot target
and a soft target. Since the old output layer generates
likelihood distributions, the new (additional) output layer
can be trained to bridge between one-hot teacher and the
likelihood distribution by the old output layer, thus reducing
an error rate of the corresponding new model.

FIG. 1 is a block diagram showing an exemplary pro-
cessing system 100 to which the present invention may be
applied, in accordance with an embodiment of the present
invention. The processing system 100 includes a set of
processing units (CPUs) 101, a set of GPUs 102, a set of
memory devices 103, a set of communication devices 104,
and set of peripherals 105. The CPUs 101 can be single or
multi-core CPUs. The GPUs 102 can be single or multi-core
GPUs. The one or more memory devices 103 can include
caches, RAMs, ROMs, and other memories (flash, optical,
magnetic, etc.). The communication devices 104 can include
wireless and/or wired communication devices (e.g., network
(e.g., WIFL, etc.) adapters, etc.). The peripherals 105 can
include a display device, a user input device, a printer, and
so forth. Elements of processing system 100 are connected
by one or more buses or networks (collectively denoted by
the figure reference numeral 110).

Of course, the processing system 100 may also include
other elements (not shown), as readily contemplated by one
of skill in the art, as well as omit certain elements. For
example, various other input devices and/or output devices
can be included in processing system 100, depending upon
the particular implementation of the same, as readily under-
stood by one of ordinary skill in the art. For example,
various types of wireless and/or wired input and/or output
devices can be used. Moreover, additional processors, con-
trollers, memories, and so forth, in various configurations
can also be utilized as readily appreciated by one of ordinary
skill in the art. Further, in another embodiment, a cloud
configuration can be used (e.g., see FIGS. 9-10). These and
other variations of the processing system 100 are readily
contemplated by one of ordinary skill in the art given the
teachings of the present invention provided herein.

Moreover, it is to be appreciated that various figures as
described below with respect to various elements and steps
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relating to the present invention that may be implemented,
in whole or in part, by one or more of the elements of system
100.

FIG. 2 is a flow diagram showing a method 200 for
training a neural network-based acoustic model using a
one-hot scheme, in accordance with an embodiment of the
present invention.

FIG. 3 is a block diagram showing a neural network-based
acoustic model 300 to which the present invention can be
applied, in accordance with an embodiment of the present
invention. For example, method 200 can be applied to the
neural network-based acoustic model 300 to obtain a new
neural network based acoustic model 400 described with
respect to FIG. 4. The model 300 can be built with one-hot
teacher or some other pretraining technique. The model 300
should be built with one layer less than a target number of
layers intended for the model 400 described with respect to
FIG. 4, since the addition of a new output layer and the
“rearrangement/reconfiguration” of the old output layer as
the top-most middle layer in the new model 400 will result
in the new model 400 being built with the target number of
layers.

FIG. 4 is a block diagram showing a neural network-based
acoustic model (aka the “new model”) 400 trained using the
method 200 of FIG. 2, in accordance with an embodiment of
the present invention. In particular, FIG. 4 shows the neural-
network based acoustic model 300 of FIG. 3 modified as per
the method 200 of FIG. 2, in accordance with an embodi-
ment of the present invention to form the new neural
network-based acoustic model 400.

At block 210, receive a previously completed (i.e., pre-
trained) neural network-based (NN-based) acoustic model
300 having an input layer 310, a set of original middle layers
320, and an original output layer 330. The set of middle
layers 320 can include, but is not limited to, one or more of
Fully Connected (FC) layers and/or convolutional layers.
The previously completed NN-based acoustic model 300
used by the present invention should be completely trained
with sufficient iterations.

In general, pretraining methods have been used to train
NNs with deeply stacked layers efficiently. Discriminative
pretraining is a typical example. Discriminative pretraining
pretrains the layers step-by-step with a new middle layer
inserted just under the output layer. Moreover, in discrimi-
native pretraining, usually the two top layers are initialized
with random values. In contrast, the present invention puts
an additional output layer on top of the previous model (e.g.,
model 300), and only the top layer is initialized with random
values. Hence, unlike the present invention, discriminative
pretraining does not carry over the connection parameters in
the output layer.

Atblock 220, stack a new output layer 440, on the original
output layer 330 of the previously completed model, con-
figured to operate as a translation layer between a one-hot
target and a soft target. Accordingly, the translation layer
reduces the inconstancy between one-hot training and test-
ing by translating one-hot targets (in the original output layer
330) to soft targets (in the new output layer 440).

At block 230, configure the top layer (i.e., the new output
player 440) to be the same size as the original output layer
330. As noted herein, in a conventional configuration, the
output layer is larger (i.e., has more units) than the second
layer from the top. The benefit of this new configuration
resulting from block 230 is that the all layers can be copied
from the previously completed model 300 to the new model
400 (aka “the final model” 400, which includes the new
output layer 440) when discriminative pretraining is per-
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formed. That is, a new model 400 can be considered to be
formed, in that the new model 400 includes a new output
layer 440 (per block 220) having the same size (per block
230) as the previous output layer 330.

At block 240, retrain only the new output layer 440 and
the original output layer 330 using the one-hot scheme with
trained parameters of the original output layer 330 as initial
values for the original output layer 330, and random initial
values for the new output layer 440, such that that only the
two layers in the top (i.e., the new output layer 440 and the
original output layer 330) are updated while the other layers
(the set of middle layers 320) are frozen during retraining.
Hence, in a retraining session, only the connections in the
new output layer 440 and the original output layer 330 are
updated in the new model 400, while the connections in the
set of middle layers 320 of the new model 400 are fixed and
thus, not updated.

FIG. 5 is a block diagram showing interaction 500
between the original output layer 330 and the new output
layer 440, in accordance with an embodiment of the present
invention. Since the first model (300) is already trained, the
second layer from the top outputs likelihood distributions
(soft-labels) at an early state of the training iterations. The
output layer 440 accepts soft-label-like data as an input and
accepts one-hot data as a teacher. Thus, larger connection
weights can be expected to be formed between one-hot
correct senone (teacher) 501 and similar senones (input)
502A-E. Once the output layer 440 is trained, the second
layer 330 from the top receives soft-label-like teacher
through back-propagation. Since the layer 440 was trained
with one-hot teacher before, layer 440 can be updated with
the new teacher.

FIG. 6 is a block diagram showing a baseline neural
network-based acoustic model training configuration (here-
inafter “baseline training configuration”) 600 to which the
present invention can be applied, in accordance with an
embodiment of the present invention. That is, baseline
training configuration 600 can be used to provide the pre-
viously completed model (such as previously completed
model 300 of FIG. 3).

Initially, at block 601 corresponding to one iteration, the
baseline training configuration 600 includes an input layer
610, a set of middle layers 620, and an output layer 630. The
set of middle layers 630 includes a Convolutional Neural
Network (CNN) layer 620A, a CNN layer 620B, a Fully
Connected (FC) layer 620C. Each of the layers is further
designated in FIG. 6 with an integer as a suffix. The integer
represents the size (the number of units (e.g., leaves)) of a
respective layer to which the integer corresponds.

At block 602, corresponding to one iteration, copy the set
of middle layers 620 (currently including layers 620A,
620B, and 620C), add an FC layer 620D, and randomly
initialize (rand. init.) the FC layer 620D and the output layer
630.

At block 603, corresponding to one iteration, copy the set
of middle layers 620 (currently including layers 620A,
620B, 620C, and 620D), add an FC layer 620E, and ran-
domly initialize the FC layer 620D and the output layer
6630.

At block 604, corresponding to a completion of the
iterations, copy the set of middle layers 620 (currently
including layers 620A, 620B, 620C, 620D, and 620EF), add
an FC layer 620F, randomly initialize the FC layer 620F and
the output layer 630, and update all of the layers (layers
620A-F and 630) except the first/lowest layer 610 (since, for
the purposes of the present invention, connections param-
eters between two adjacent layers are presumed to corre-
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6

spond to the upper layer of the two adjacent layers). It is to
be noted that FC layer 620 is not the same size as output
layer 630 in conventional configurations. This is in contrast
to the training configurations 700, and 800 shown and
described with respect to FIGS. 7, and 8 respectively.

It is to be appreciated that blocks 610, 620, 630, and 640
each involve different training iterations.

As noted above, the present invention can be considered
to essentially include two primary training steps, hereinafter
designated as step 1 and step 2 (corresponding to blocks 210
and 220 of method 200 of FIG. 2). Step 1 essentially
involves building a well-trained acoustic model (e.g., in a
usual way) but with minus-one layers (with respect to the
desired number of target layers), and step 2 essentially
involves putting an additional output layer on top of the first
model (the one formed from step 1) to obtain a new model
with the (desired) target number of layers. The additional
output layer of the new model is the same size as the original
output layer of the first model. As can be appreciated by one
of ordinary skill in the art, step 1 can involve one or more
iterations. All the connection parameters in the first model
(of step 1) should be copied to the corresponding layer in the
second model (of step 2). The old output-layer 330 is
integrated into the middle layers and is connected to the new
output-layer 440. The connections between them are ran-
domly initialized. The second model can also be trained with
one-hot teacher.

FIGS. 7-8 below relate to various training scenarios, in
accordance with various embodiments of the present inven-
tion. In FIG. 7, all of the middle layers (except the first/
lowest) are updated, while in FIG. 8 only the two top layers
are updated with the other middle layers being frozen (fixed)
during training.

FIG. 7 is a block diagram showing a neural network-based
acoustic model training configuration (hereinafter “training
configuration™) 700, in accordance with an embodiment of
the present invention. That is, training configuration 700 can
be used to provide the new completed model (such as model
400 of FIG. 4). Training configuration 700 updates all of the
middle layers of the new model.

Initially, at block 701, a baseline model is shown. The
baseline model includes an input layer 710, a set of middle
layers 720, and an output layer 730. In training configuration
700, the set of middle layers 730 includes a Convolutional
Neural Network (CNN) layer 720A, a CNN layer 720B, and
one or more Fully Connected (FC) layers 720C. However, in
another embodiment, the set of middle layers 730 can all be
CNN layers or all FC layers. These and other variations are
readily contemplated by one of ordinary skill in the art,
given the teachings of the present invention provided herein.
Each of the layers is further designated in FIG. 7 with an
integer as a suffix. The integer represents the size (the
number of units) of a respective layer to which the integer
corresponds.

At block 702, copy the set of middle layers 720 (currently
including layers 720A, 720B, and 720C), add an FC layer
720D, and randomly initialize (rand. init.) the FC layer 720D
and the output layer 730.

At block 703, copy the set of middle layers 720 (currently
including layers 720A, 720B, 720C, and 720D), add an FC
layer 720E, and randomly initialize the FC layer 720E and
the output layer 730.

At block 704, corresponding to the new (final) model,
copy the set of middle layers 720 (currently including layers
720A, 720B, 720C, 720D, and 720E), add an FC layer 720F
which should be copied from 730 (in 703 configuration) as
an old output layer. A new output layer 730 (in 704 con-
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figuration) having the same size (number of units) as the old
output layer 720F, should be randomly initialized. Also,
update all of the layers 720A-F and 730. The dotted line 799
indicates a demarcation between the first model after train-
ing (wherein the first model is completely trained) and the
new model with the new output layer. Further regarding
block 704, for the purposes of the present invention, con-
nections parameters between two adjacent layers are pre-
sumed to correspond to the upper layer of the two adjacent
layers. Hence, that is why only layers 720A-720F and 730
(and not layer 710) are shown as being updated.

FIG. 8 is a block diagram showing another neural net-
work-based acoustic model training configuration (herein-
after “training configuration”) 800, in accordance with an
embodiment of the present invention. That is, training con-
figuration 800 can be used to provide the new completed
model (such as model 400 of FIG. 4). Training configuration
800 corresponds to the final (new) model training, where
only the two top layers are updated and the other layers (i.e.,
the other middle layers) are not updated but instead are
frozen in the training.

Initially, at block 801, a baseline configuration is shown.
The baseline configuration includes an input layer 810, a set
of middle layers 820, and an output layer 830. The set of
middle layers 830 includes a Convolutional Neural Network
(CNN) layer 820A, a CNN layer 820B, and one or more
Fully Connected (FC) layers 820C. However, in another
embodiment, the set of middle layers 830 can all be CNN
layers or all FC layers. These and other variations are readily
contemplated by one of ordinary skill in the art, given the
teachings of the present invention provided herein. Each of
the layers is further designated in FIG. 8 with an integer as
a suffix. The integer represents the size (the number of units)
of a respective layer to which the integer corresponds.

At block 802, copy the set of middle layers 820 (currently
including layers 820A, 820B, and 820C), add an FC layer
820D, and randomly initialize (rand. init.) the FC layer 820D
and the output layer 830.

At block 803, copy the set of middle layers 820 (currently
including layers 820A, 820B, 820C, and 820D), add an FC
layer 820E, and randomly initialize the FC layer 820F and
the output layer 830.

At block 804, corresponding to the new (final) model,
copy the set of middle layers 820 (currently including layers
820A, 820B, 820C, 820D, and 820E), add an FC layer 820F
which should be copied from 830 (in 803 configuration) as
an output layer. A new output layer 830 (in 804 configura-
tion) having the same size (number of units) as the output
layer 830, should be randomly initialized. Update layers
820F and 830 only. The dotted line 899 indicates a demar-
cation between the first model after training (wherein the
first model is completely trained) and the new model with
the new output layer. Layers 820A-820F are shown as not
being updated, because these layers are considered as fully
trained already.

A brief description will now be given regarding discrimi-
native pretraining that can be used for acoustic modeling
pretraining to provide pretrained model 300.

A discriminative pretraining technique pretrains hidden
layers of a neural network (e.g., a deep neural network). In
general, a one-hidden-layer neural network is trained first
using labels discriminatively with error backpropagation
(BP). Then, after discarding an output layer in the previous
one-hidden-layer neural network, another randomly initial-
ized hidden layer is added on top of the previously trained
hidden layer along with a new output layer that represents
the targets for classification or recognition. The resulting
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multiple-hidden-layer is then discriminatively trained using
the same strategy, and so on until the desired number of
hidden layers is reached. This produces a pretrained DNN.
The discriminative pretraining technique has the advantage
of bringing the DNN layer weights close to a good local
optimum, while still leaving them in range with a high
gradient so that they can be fine-tuned effectively.

It is to be understood that although this disclosure
includes a detailed description on cloud computing, imple-
mentation of the teachings recited herein are not limited to
a cloud computing environment. Rather, embodiments of the
present invention are capable of being implemented in
conjunction with any other type of computing environment
now known or later developed.

Cloud computing is a model of service delivery for
enabling convenient, on-demand network access to a shared
pool of configurable computing resources (e.g., networks,
network bandwidth, servers, processing, memory, storage,
applications, virtual machines, and services) that can be
rapidly provisioned and released with minimal management
effort or interaction with a provider of the service. This cloud
model may include at least five characteristics, at least three
service models, and at least four deployment models.

Characteristics are as follows:

On-demand self-service: a cloud consumer can unilater-
ally provision computing capabilities, such as server time
and network storage, as needed automatically without
requiring human interaction with the service’s provider.

Broad network access: capabilities are available over a
network and accessed through standard mechanisms that
promote use by heterogeneous thin or thick client platforms
(e.g., mobile phones, laptops, and PDAs).

Resource pooling: the provider’s computing resources are
pooled to serve multiple consumers using a multi-tenant
model, with different physical and virtual resources dynami-
cally assigned and reassigned according to demand. There is
a sense of location independence in that the consumer
generally has no control or knowledge over the exact
location of the provided resources but may be able to specify
location at a higher level of abstraction (e.g., country, state,
or datacenter).

Rapid elasticity: capabilities can be rapidly and elastically
provisioned, in some cases automatically, to quickly scale
out and rapidly released to quickly scale in. To the consumer,
the capabilities available for provisioning often appear to be
unlimited and can be purchased in any quantity at any time.

Measured service: cloud systems automatically control
and optimize resource use by leveraging a metering capa-
bility at some level of abstraction appropriate to the type of
service (e.g., storage, processing, bandwidth, and active user
accounts). Resource usage can be monitored, controlled, and
reported, providing transparency for both the provider and
consumer of the utilized service.

Service Models are as follows:

Software as a Service (SaaS): the capability provided to
the consumer is to use the provider’s applications running on
a cloud infrastructure. The applications are accessible from
various client devices through a thin client interface such as
a web browser (e.g., web-based e-mail). The consumer does
not manage or control the underlying cloud infrastructure
including network, servers, operating systems, storage, or
even individual application capabilities, with the possible
exception of limited user-specific application configuration
settings.

Platform as a Service (PaaS): the capability provided to
the consumer is to deploy onto the cloud infrastructure
consumer-created or acquired applications created using
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programming languages and tools supported by the provider.
The consumer does not manage or control the underlying
cloud infrastructure including networks, servers, operating
systems, or storage, but has control over the deployed
applications and possibly application hosting environment
configurations.

Infrastructure as a Service (laaS): the capability provided
to the consumer is to provision processing, storage, net-
works, and other fundamental computing resources where
the consumer is able to deploy and run arbitrary software,
which can include operating systems and applications. The
consumer does not manage or control the underlying cloud
infrastructure but has control over operating systems, stor-
age, deployed applications, and possibly limited control of
select networking components (e.g., host firewalls).

Deployment Models are as follows:

Private cloud: the cloud infrastructure is operated solely
for an organization. It may be managed by the organization
or a third party and may exist on-premises or off-premises.

Community cloud: the cloud infrastructure is shared by
several organizations and supports a specific community that
has shared concerns (e.g., mission, security requirements,
policy, and compliance considerations). It may be managed
by the organizations or a third party and may exist on-
premises or off-premises.

Public cloud: the cloud infrastructure is made available to
the general public or a large industry group and is owned by
an organization selling cloud services.

Hybrid cloud: the cloud infrastructure is a composition of
two or more clouds (private, community, or public) that
remain unique entities but are bound together by standard-
ized or proprietary technology that enables data and appli-
cation portability (e.g., cloud bursting for load-balancing
between clouds).

A cloud computing environment is service oriented with
a focus on statelessness, low coupling, modularity, and
semantic interoperability. At the heart of cloud computing is
an infrastructure that includes a network of interconnected
nodes.

Referring now to FIG. 9, illustrative cloud computing
environment 950 is depicted. As shown, cloud computing
environment 950 includes one or more cloud computing
nodes 910 with which local computing devices used by
cloud consumers, such as, for example, personal digital
assistant (PDA) or cellular telephone 954 A, desktop com-
puter 954B, laptop computer 954C, and/or automobile com-
puter system 954N may communicate. Nodes 910 may
communicate with one another. They may be grouped (not
shown) physically or virtually, in one or more networks,
such as Private, Community, Public, or Hybrid clouds as
described hereinabove, or a combination thereof. This
allows cloud computing environment 950 to offer infrastruc-
ture, platforms and/or software as services for which a cloud
consumer does not need to maintain resources on a local
computing device. It is understood that the types of com-
puting devices 954A-N shown in FIG. 9 are intended to be
illustrative only and that computing nodes 910 and cloud
computing environment 950 can communicate with any type
of computerized device over any type of network and/or
network addressable connection (e.g., using a web browser).

Referring now to FIG. 10, a set of functional abstraction
layers provided by cloud computing environment 950 (FIG.
9) is shown. It should be understood in advance that the
components, layers, and functions shown in FIG. 10 are
intended to be illustrative only and embodiments of the
invention are not limited thereto. As depicted, the following
layers and corresponding functions are provided:
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Hardware and software layer 1060 includes hardware and
software components. Examples of hardware components
include: mainframes 1061; RISC (Reduced Instruction Set
Computer) architecture based servers 1062; servers 1063;
blade servers 1064; storage devices 1065; and networks and
networking components 1066. In some embodiments, soft-
ware components include network application server soft-
ware 1067 and database software 1068.

Virtualization layer 1070 provides an abstraction layer
from which the following examples of virtual entities may
be provided: virtual servers 1071; virtual storage 1072;
virtual networks 1073, including virtual private networks;
virtual applications and operating systems 1074; and virtual
clients 1075.

In one example, management layer 1080 may provide the
functions described below. Resource provisioning 1081 pro-
vides dynamic procurement of computing resources and
other resources that are utilized to perform tasks within the
cloud computing environment. Metering and Pricing 1082
provide cost tracking as resources are utilized within the
cloud computing environment, and billing or invoicing for
consumption of these resources. In one example, these
resources may include application software licenses. Secu-
rity provides identity verification for cloud consumers and
tasks, as well as protection for data and other resources. User
portal 1083 provides access to the cloud computing envi-
ronment for consumers and system administrators. Service
level management 1084 provides cloud computing resource
allocation and management such that required service levels
are met. Service Level Agreement (SLA) planning and
fulfillment 1085 provide pre-arrangement for, and procure-
ment of, cloud computing resources for which a future
requirement is anticipated in accordance with an SLA.

Workloads layer 1090 provides examples of functionality
for which the cloud computing environment may be utilized.
Examples of workloads and functions which may be pro-
vided from this layer include: mapping and navigation 1091;
software development and lifecycle management 1092; vir-
tual classroom education delivery 1093; data analytics pro-
cessing 1094; transaction processing 1095; and Neural Net-
work-based (NN-based) acoustic model with softening
target-layer 1096.

The present invention may be a system, a method, and/or
a computer program product at any possible technical detail
level of integration. The computer program product may
include a computer readable storage medium (or media)
having computer readable program instructions thereon for
causing a processor to carry out aspects of the present
invention.

The computer readable storage medium can be a tangible
device that can retain and store instructions for use by an
instruction execution device. The computer readable storage
medium may be, for example, but is not limited to, an
electronic storage device, a magnetic storage device, an
optical storage device, an electromagnetic storage device, a
semiconductor storage device, or any suitable combination
of the foregoing. A non-exhaustive list of more specific
examples of the computer readable storage medium includes
the following: a portable computer diskette, a hard disk, a
random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory
(EPROM or Flash memory), a static random access memory
(SRAM), a portable compact disc read-only memory (CD-
ROM), a digital versatile disk (DVD), a memory stick, a
floppy disk, a mechanically encoded device such as punch-
cards or raised structures in a groove having instructions
recorded thereon, and any suitable combination of the fore-
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going. A computer readable storage medium, as used herein,
is not to be construed as being transitory signals per se, such
as radio waves or other freely propagating electromagnetic
waves, electromagnetic waves propagating through a wave-
guide or other transmission media (e.g., light pulses passing
through a fiber-optic cable), or electrical signals transmitted
through a wire.

Computer readable program instructions described herein
can be downloaded to respective computing/processing
devices from a computer readable storage medium or to an
external computer or external storage device via a network,
for example, the Internet, a local area network, a wide area
network and/or a wireless network. The network may com-
prise copper transmission cables, optical transmission fibers,
wireless transmission, routers, firewalls, switches, gateway
computers and/or edge servers. A network adapter card or
network interface in each computing/processing device
receives computer readable program instructions from the
network and forwards the computer readable program
instructions for storage in a computer readable storage
medium within the respective computing/processing device.

Computer readable program instructions for carrying out
operations of the present invention may be assembler
instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions,
microcode, firmware instructions, state-setting data, or
either source code or object code written in any combination
of one or more programming languages, including an object
oriented programming language such as SMALLTALK,
C++ or the like, and conventional procedural programming
languages, such as the “C” programming language or similar
programming languages. The computer readable program
instructions may execute entirely on the user’s computer,
partly on the user’s computer, as a stand-alone software
package, partly on the user’s computer and partly on a
remote computer or entirely on the remote computer or
server. In the latter scenario, the remote computer may be
connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide
area network (WAN), or the connection may be made to an
external computer (for example, through the Internet using
an Internet Service Provider). In some embodiments, elec-
tronic circuitry including, for example, programmable logic
circuitry, field-programmable gate arrays (FPGA), or pro-
grammable logic arrays (PLA) may execute the computer
readable program instructions by utilizing state information
of'the computer readable program instructions to personalize
the electronic circuitry, in order to perform aspects of the
present invention.

Aspects of the present invention are described herein with
reference to flowchart illustrations and/or block diagrams of
methods, apparatus (systems), and computer program prod-
ucts according to embodiments of the invention. It will be
understood that each block of the flowchart illustrations
and/or block diagrams, and combinations of blocks in the
flowchart illustrations and/or block diagrams, can be imple-
mented by computer readable program instructions.

These computer readable program instructions may be
provided to a processor of a general purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks. These
computer readable program instructions may also be stored
in a computer readable storage medium that can direct a
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computer, a programmable data processing apparatus, and/
or other devices to function in a particular manner, such that
the computer readable storage medium having instructions
stored therein comprises an article of manufacture including
instructions which implement aspects of the function/act
specified in the flowchart and/or block diagram block or
blocks.

The computer readable program instructions may also be
loaded onto a computer, other programmable data process-
ing apparatus, or other device to cause a series of operational
steps to be performed on the computer, other programmable
apparatus or other device to produce a computer imple-
mented process, such that the instructions which execute on
the computer, other programmable apparatus, or other
device implement the functions/acts specified in the flow-
chart and/or block diagram block or blocks.

The flowchart and block diagrams in the Figures illustrate
the architecture, functionality, and operation of possible
implementations of systems, methods, and computer pro-
gram products according to various embodiments of the
present invention. In this regard, each block in the flowchart
or block diagrams may represent a module, segment, or
portion of instructions, which comprises one or more
executable instructions for implementing the specified logi-
cal function(s). In some alternative implementations, the
functions noted in the blocks may occur out of the order
noted in the figures. For example, two blocks shown in
succession may, in fact, be executed substantially concur-
rently, or the blocks may sometimes be executed in the
reverse order, depending upon the functionality involved. It
will also be noted that each block of the block diagrams
and/or flowchart illustration, and combinations of blocks in
the block diagrams and/or flowchart illustration, can be
implemented by special purpose hardware-based systems
that perform the specified functions or acts or carry out
combinations of special purpose hardware and computer
instructions.

Reference in the specification to “one embodiment” or
“an embodiment” of the present invention, as well as other
variations thereof, means that a particular feature, structure,
characteristic, and so forth described in connection with the
embodiment is included in at least one embodiment of the
present invention. Thus, the appearances of the phrase “in
one embodiment” or “in an embodiment”, as well any other
variations, appearing in various places throughout the speci-
fication are not necessarily all referring to the same embodi-
ment.

It is to be appreciated that the use of any of the following
“/”, “and/or”, and “at least one of”, for example, in the cases
of “A/B”, “A and/or B” and ““at least one of A and B”, is
intended to encompass the selection of the first listed option
(A) only, or the selection of the second listed option (B)
only, or the selection of both options (A and B). As a further
example, in the cases of “A, B, and/or C” and “at least one
of A, B, and C”, such phrasing is intended to encompass the
selection of the first listed option (A) only, or the selection
of the second listed option (B) only, or the selection of the
third listed option (C) only, or the selection of the first and
the second listed options (A and B) only, or the selection of
the first and third listed options (A and C) only, or the
selection of the second and third listed options (B and C)
only, or the selection of all three options (A and B and C).
This may be extended, as readily apparent by one of
ordinary skill in this and related arts, for as many items
listed.

Having described preferred embodiments of a system and
method (which are intended to be illustrative and not lim-
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iting), it is noted that modifications and variations can be
made by persons skilled in the art in light of the above
teachings. It is therefore to be understood that changes may
be made in the particular embodiments disclosed which are
within the scope of the invention as outlined by the
appended claims. Having thus described aspects of the
invention, with the details and particularity required by the
patent laws, what is claimed and desired protected by Letters
Patent is set forth in the appended claims.

What is claimed is:

1. A computer-implemented method for training a neural
network-based (NN-based) acoustic model, comprising:

receiving, by a processor, the neural network-based (NN-

based) acoustic model, trained by a one-hot scheme and
having an input layer, a set of middle layers, and an
original output layer, at least each of the middle layers
subsequent to a first one of the middle layers having
trained parameters;

stacking, by the processor, a new output layer on the

original output layer of the NN-based acoustic model to
form a new NN-based acoustic model, the new output
layer having a same size as the original output layer;
and

retraining, by the processor, only the new output layer and

the original output layer of the new NN-based acoustic
model in the one-hot scheme, with the trained param-
eters of middle layers subsequent to at least the first one
of the middle layers being fixed,

wherein the new output layer is configured to operate as

a translation layer between one-hot targets and soft
targets.

2. The computer-implemented method of claim 1,
wherein the NN-based acoustic model is trained using a
multi-iteration training technique.

3. The computer-implemented method of claim 1,
wherein the NN-based acoustic model is trained using a
multi-iteration discriminative pretraining technique.

4. The computer-implemented method of claim 1,
wherein the translation layer is configured to mitigate incon-
sistency between one-hot training and one-hot testing by
translating between the one-hot targets and the soft targets.

5. The computer-implemented method of claim 1,
wherein the trained parameters of the original output layer
are used as initial values for the original output layer, and
random initial values are used for the new output layer.

6. The computer-implemented method of claim 1, further
comprising iteratively adding a respective new middle layer
to the set of middle layers at each iteration in a set of
multiple training iterations.

7. The computer-implemented method of claim 6,
wherein said iteratively adding comprises randomly initial-
izing the respective new middle layer responsive to adding
the respective new middle layer to the set of middle layers
at each of the iterations in the set of multiple training
iterations.

8. The computer-implemented method of claim 7,
wherein said iteratively adding further comprises randomly
initializing the new top layer together with the respective
new middle layer responsive to adding the new middle layer
to the set of middle layers at each of the iterations in the set
of multiple training iterations.

9. The computer-implemented method of claim 1, further
comprising translating, using the new NN-based acoustic
mode, one or more one-hot targets from the original output
layer to one or more soft targets in the new output layer.

10. A computer program product for training a neural
network-based (NN-based) acoustic model, the computer
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program product comprising a non-transitory computer
readable storage medium having program instructions
embodied therewith, the program instructions executable by
a computer to cause the computer to perform a method
comprising:

receiving, by the processor, the neural network-based

(NN-based) acoustic model, trained by a one-hot
scheme and having an input layer, a set of middle
layers, and an original output layer, at least each of the
middle layers subsequent to a first one of the middle
layers having trained parameters;

stacking, by the processor, a new output layer on the

original output layer of the NN-based acoustic model to
form a new NN-based acoustic model, the new output
layer having a same size as the original output layer;
and

retraining, by the processor, only the new output layer and

the original output layer of the new NN-based acoustic
model in the one-hot scheme, with the trained param-
eters of middle layers subsequent to at least the first one
of the middle layers being fixed,

wherein the new output layer is configured to operate as

a translation layer between one-hot targets and soft
targets.

11. The computer program product of claim 10, wherein
the N N-based acoustic model is trained using a multi-
iteration training technique.

12. The computer program product of claim 10, wherein
the NN-based acoustic model is trained using a multi-
iteration discriminative pretraining technique.

13. The computer program product of claim 10, wherein
the translation layer is configured to mitigate inconsistency
between one-hot training and one-hot testing by translating
between the one-hot targets and the soft targets.

14. The computer program product of claim 10, wherein
the trained parameters of the original output layer are used
as initial values for the original output layer, and random
initial values are used for the new output layer.

15. The computer program product of claim 10, wherein
the method further comprises iteratively adding a respective
new middle layer to the set of middle layers at each iteration
in a set of multiple training iterations.

16. The computer program product of claim 15, wherein
said iteratively adding comprises randomly initializing the
respective new middle layer responsive to adding the respec-
tive new middle layer to the set of middle layers at each of
the iterations in the set of multiple training iterations.

17. The computer program product of claim 16, wherein
said iteratively adding further comprises randomly initial-
izing the new top layer together with the respective new
middle layer responsive to adding the new middle layer to
the set of middle layers at each of the iterations in the set of
multiple training iterations.

18. A computer processing system for training a neural
network-based (NN-based) acoustic model, comprising:

a memory for storing program code; and

a processor, operatively coupled to the memory, for

running the program code to

receive the neural network-based (NN-based) acoustic
model, trained by a one-hot scheme and having an
input layer, a set of middle layers, and an original
output layer, at least each of the middle layers
subsequent to a first one of the middle layers having
trained parameters;

stack a new output layer on the original output layer of
the NN-based acoustic model to form a new NN-
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based acoustic model, the new output layer having a
same size as the original output layer; and

retrain only the new output layer and the original output
layer of the new NN-based acoustic model in the
one-hot scheme, with the trained parameters of 5
middle layers subsequent to at least the first one of
the middle layers being fixed,

wherein the new output layer is configured to operate as
a translation layer between one-hot targets and soft
targets. 10



